Currently, diagnosis of skin diseases is based primarily on the visual pattern recognition skills and expertise of the physician observing the lesion. Even though dermatologists are trained to recognize patterns of morphology, it is still a subjective visual assessment. Tools for automated pattern recognition can provide objective information to support clinical decision-making. Noninvasive skin imaging techniques provide complementary information to the clinician. In recent years, optical coherence tomography (OCT) has become a powerful skin imaging technique. According to specific functional needs, skin architecture varies across different parts of the body, as do the textural characteristics in OCT images. There is, therefore, a critical need to systematically analyze OCT images from different body sites, to identify their significant qualitative and quantitative differences. Sixty-three optical and textural features extracted from OCT images of healthy and diseased skin are analyzed and, in conjunction with decision-theoretic approaches, used to create computational models of the diseases. We demonstrate that these models provide objective information to the clinician to assist in the diagnosis of abnormalities of cutaneous microstructure, and hence, aid in the determination of treatment. Specifically, we demonstrate the performance of this methodology on differentiating basal cell carcinoma (BCC) and squamous cell carcinoma (SCC) from healthy tissue.
Introduction
Visual inspection of skin abnormalities is the first step in diagnosis; however, it has limitations. Experienced dermatologists and surgeons are able to reach a diagnostic accuracy of about 75% with visual inspection only 1 . In order to confirm diagnosis, a biopsy may be performed. While biopsy is currently the gold standard diagnostic method for suspicious skin lesions, it may be inconvenient for the patient and create scarring. In addition, there are costs to the healthcare system and, potentially, increased morbidity related to the procedure. To assist dermatologists and improve diagnostic accuracy, ancillary methods of diagnosis have been sought including dermoscopy 2 , reflectance confocal microscopy (RCM) 3 , high frequency ultrasound (HFUS) 4 , Magnetic Resonance Imaging (MRI) 5 , diffuse multispectral imaging (MS) 6 , and Raman spectroscopy 7 . More recently optical coherence tomography (OCT) has been introduced as an effective high-resolution cutaneous imaging technique with a moderate penetration depth for non-invasive inspection of the skin 8 . OCT allows in situ, safe, real-time investigation of micromorphology and pathology without tissue removal. To form an OCT image, the magnitude and time delay of backscattered light returned from a biological sample is measured transversally 9 . The resolution, ranging from about 1 μm in ultra-highresolution systems to around 20 μm, is superior to that achieved by other tomographic methods such as conventional ultrasound, enabling cell-level detail to be observed 10 . OCT is therefore of interest for both in vitro and in vivo investigations of epithelial tissues. Its ability to perform 'optical biopsy' gives it the potential to replace, or at least to reduce the necessity for invasive tissue sampling via biopsy 11 . OCT has been studied to evaluate a variety of skin disorders including tumors, various inflammatory and blistering conditions, physical and chemical skin damage, as well as surgical interventions [12] [13] [14] [15] [16] [17] .
OCT images visualize the morphological details of tissue microstructures, i.e., stratum corneum, epidermis, dermis, hair follicles, eccrine sweat ducts, and sebaceous glands 9, 10, 18 . Figure 1 illustrates some of the structures in healthy skin visible in OCT images. The basic structure of a healthy skin includes the epidermis, dermis, and subcutaneous fat. The epidermis is four to five layers of stratified epithelia with no blood vessels, the most superficial being the stratum corneum 19 . The epidermis connects to the dermis by a layer known as the dermal-epidermal junction (DEJ). Cutaneous appendages, including sensory receptors, 3 nerves, glands, blood vessels and hair follicles, reside in the dermis. Skin varies in color, thickness, and texture in different parts of the body according to specific functional needs. Regional variations include thickness of the stratum corneum, the presence of a stratum lucidum on palms and soles, epidermal thickness and variable numbers of sebaceous glands, eccrine glands and hair follicles 19 . In this study, we have looked at nose, preauricular, neck, volar forearm, palm, back, thumb, dorsal forearm, sole, and calf as representative of the variety of skin architectures and epidermal thicknesses across the body. The most notable features of thick skin (palm, thumb and sole) are the thick stratum corneum, presence of a stratum lucidum, an abundance of eccrine sweat glands and, a lack of hair follicles, sebaceous glands and apocrine glands. In OCT images of skin from the palm and sole, the stratum corneum is the first visualized layer of the epidermis, appearing as a homogenous layer of cells with scattered eccrine sweat ducts. The eccrine sweat ducts of thick skin have a recognizable spiral lumen when observed with high intensity reflected light, a result of the large refractive index mismatch between sweat duct and the keratinocytes of the epidermis 20 . The stratum lucidum, a clear thin layer of dead cells found only on the thickened epidermis of palms and soles, is just beneath the stratum corneum 10 . The prominent morphological features of the skin of the nose, preauricular, volar forearm, neck, back, dorsal forearm and calf are: thinner epidermis, no stratum lucidium and presence of hair and sebaceous glands. The stratum corneum of thick skin is about 300 µm, in contrast to an average of 14 µm in thin skin, where it is too thin to be visualized in detail by OCT 21 . In thin skin, epidermal thickness fluctuates between 70 µm to 120 µm, with the full thickness of the epidermis plus the dermis varying between 1000 µm to 2000 µm 19 . Figure 1 . The illustration demonstrates the sequential images obtained by OCT (top left), and the 3D OCT representation of the skin (top right). The center illustration demonstrates several skin structures and their corresponding appearance on OCT. The bottom images demonstrate thick skin and thin skin, and annotated structures, their corresponding equivalent histology, and OCT images. The scale bar in OCT images is 400 µm.
Quantification of tissue cellular and architectural characteristics through extraction of optical and textural features of skin tissue can be utilized in the analysis of OCT images . Optical properties describe and the spectral properties of an image, in order to provide the objective analysis of tissue samples in a noninvasive manner. The aim of this study is to create comprehensive in vivo models of human skin diseases using numerical features extracted from OCT images and to use such models to assist in the diagnosis of common skin disorders. Our study is designed to be completed in two phases. In the first phase, optical and textural features extracted from OCT images of healthy skin at different body sites in vivo are analyzed and compared. In the second phase, the same features are extracted from OCT images of diseased skin and surrounding healthy tissue, these are used for computational modeling. The models will then be tested on diseased images to identify possible dermatological conditions.
Dataset construction
Healthy skin in OCT images: A stack of 170 images were taken for each of 10 body sites for each of the 10 healthy subjects, providing 17,000 images to develop a comprehensive analytical model of healthy tissue.
The OCT B-scan images of nose, preauricular, volar forearm, neck, palm, back, thumb, dorsal forearm, sole, and calf were taken from male subjects aged between 25 and 52 years old, none of whom had any skin conditions. Among numerous images, collectively, the resulting 1000 images represented the data set for the first part of study. See Figure 2 for image examples. The images 32 were segmented into two distinct layers using our semi-automatic DEJ detection algorithm that is based on graph theory. The algorithm was performed in an interactive framework by graphical representation of the attenuation coefficient map through a uniform-cost search method (see Figure Supplementary S3 ) 34 . The segmentation results were also verified by manual segmentation performed by two dermatologists. BCC and 123 SCC images as our dataset. An additional 160 images were collected from locations at a minimum distance from the tumor that they could dermatologically be confirmed tumor-free, the other healthy iamges are collected from our healthy sample collected in Healthy skin in OCT images where sites were identical, totally 482 images. OCT images Based on histology results, our data set comprised nodular, superficial, and infiltrative subtypes of BCC and invasive SCC.
In Figure Supplementary S1 , the OCT images and corresponding histology images for BCC are shown. In both the OCT and histology images of BCC, the central portion of the epidermis is ulcerated and covered with a crust (green arrow). SCC lesions develop from atypical cells with squamous cell characteristics proliferating in the dermis and underlying tissue. On the skin surface this appears as destruction of the epidermis, and local thickening of the tissue due to hyperkeratosis and disordered epidermal layering.
Criteria used to determine SCC in OCT images were changes to tissue layer architecture and disruption of the basement membrane [35] [36] [37] . In Figure Supplementary S2 , the OCT image and its corresponding histology image for an SCC sample are shown. 
Results
Optical, first order statistical, and textural features, including sixty-three features, were extracted for both healthy and diseased image data sets.
OCT Healthy skin : These features are investigated and compared for both epidermis and dermis layers of healthy skin of patient's ten body sites. We observed that the value of these features varies but not sinificantly between skin of different sites due to the composition and arrangement of cells and organelles.
We used ANOVA analysis (interval plots) to analyze the variation of the features for different sites of body
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and t-test to measure the inter-correlation between the features of the layers in both dermis and epidermis.
A simple block diagram of the computational algorithm is depicted in Figure 5 (b) (Materials and Methods Section). Optical features, attenuation coefficient, is determined based on light intensity decay. Attenuation coefficient has been computed for different skin sites based on the single scattering calculation algorithm.
The attenuation coefficient calculation algorithm is depicted in the block diagram in Figure 5 
OCT versus high resolution ultrasound
High-frequency ultrasound is mainly used to estimate tumor thickness in melanoma, to plan one-step excisions with appropriate margins, and help to determine the necessity of sentinel lymph node biopsy 4 Table 1 for comparison. Average speckle size is estimated by using the full width at half maximum (FWHM) of the auto-covariance function of the speckle pattern 44 . In Table 1 , we also compared the resolution, field of view and penetration depth of these imaging modalities. Comparing the results, OCT surpasses other modalities in terms of speckle size. SS-OCT is the most favorable one due to its moderate penetration depth, resolution, field of view, and speckle size. Table 1 , OCT surpasses other modalities in terms of speckle size. SS-OCT is the most favorable due to its moderate penetration depth, resolution and field of view.
It is worth mentioning that we are using a methodology where we do not need to decorrelate the effect of confocal gate and sensitivity drop-off since the peak of the confocal and coherence gates move simultaneously. Similarly, with some modifications, our Vivosight OCT can be configured to approximate the system as a discrete dynamic focus OCT and, with a good approximation, ignore these parameters 16 .
Therefore, compensation for confocal parameter of the lens and for the fall in laser coherence with distance from zero path length difference was not performed. However, both of these effects can be safely neglected over the imaging depth of interest < 1.0 mm due to the multi-beam optics of the OCT device we used 45, 46 .
In summary, we have extracted optical, textural, and statistical properties from OCT healthy skin images to create a computational atlas of the normal skin at different anatomic sites. We observed that skin cellular architecture varies across the body, and so do the textural and morphological characteristics in the OCT images. There is, therefore, a critical need to systematically analyze OCT images of different sites and identify their significant qualitative and quantitative differences. We demonstrated that the computational models can assist in diagnosis of abnormalities of dermal microstructure, i.e., BCC vs. healthy, or SCC vs.
healthy, and hence aid in the determination of treatment. The proposed workflow can be generalized for detection of other tissue abnormalities. The result of this study can be extended as an interactive machine learning kernel interface addable to OCT devices.
Materials and Methods

Participants and dataset
OCT images were taken from ten subjects, aged between 25 to 52 years old none of whom had any skin condition. For each subject, specific regions of nose, preauricular, volar forearm, neck, palm, back, thumb, dorsal forearm, sole, and calf were imaged and analyzed. A specialized holder is used for the OCT probe to make sure that we consistently imaged the same area of skin on each subject. For the disease classification part, images in this study were taken from 11 subjects, aged between 25 to 52 years old, with histopathologically confirmed diagnosis of BCC or SCC. Each patient had one tumor; 5 with BCC and 6 with SCC. We collected 170, 2D images from each tumor. We selected our sample images from among 
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Healthy OCT images of skin are first segmented into two distinct layers using our semi-automatic DEJ detection algorithm 34 . The algorithm works based on converting a border segmentation problem to a shortest-path problem using graph theory. It is performed in an interactive framework by graphical representation of an attenuation coefficient map through a uniform-cost search method. To smooth borders, a fuzzy algorithm is introduced enabling a closer match to manual segmentation. The details of this method have been reported previously 34 . The diseased parts of the OCT image are manually selected based on the histopathology images. The ROI was selected such that the tumorous region is within it. ROIs from the surrounding healthy skin were also chosen. The images then go through the procedure depicted in Figure 5 (b), where the optical, statistical and textural features are extracted from the images. To suppress the speckle noise, a BM3D filter was used 48 . The despeckled images were used for better visualization as well as segmentation. 
Classifiers.
Prior to classification, features were normalized, then a feature selection algorithm was performed to obtain the most discriminative features. We used principal component analysis (PCA) as our feature selection method. PCA finds a linear map from the data in a high dimensional space to a desired low dimensional space trying to preserve the data variance 41 . To perform PCA, we obtained the principal components and then kept the features which provided the greatest contribution to the first sixth principal components. After feature selection was performed, the images we had collected to fill the learning database were classified using machine learning classifiers. We tested SVM (with two different kernels of linear, LSVM, and 2 nd degree polynomial (QSVM)), logistic regression (LR), k-nearest neighbor (KNN), linear discriminant analysis (LDA) and artificial neural networks (ANN). It has been shown previously that although SVM is designed to solve linear classification tasks, by using some kernel tricks, it can be used for nonlinear classification tasks and is very well suited for binary (two class) problems 39 . In LR classification, the probability that a binary target is true is modeled as a logistic function of a linear combination of features 40 . For (KNN) the rule classifies each unlabeled sample by the majority label among its K-nearest neighbors in the training set 41 . LDA, searches for a linear combination of variables that best separates binary targets 42 .
An ANN classifier consists of many neurons, i.e., highly interconnected processing components, that work constructively and coherently to solve specific problems 43 . Classifiers were validated using 10 × 10-fold cross-validation method. In 10-fold cross-validation, the data is randomly split into 10 equal folds. The classification procedure is implemented in an iterative manner. For each run nine folds are used for training and one-fold is used for testing. The process is repeated ten times and the final accuracy is the average of all the fold accuracies.
Implementation. The approaches described in this study have been implemented in Matlab ® 2016 except the segmentation algorithm which is developed in Delphi. The experiments were carried out on a standard computer workstation (3.10 GHz Intel Core i7, 32 GB RAM). In addition to custom routines and semi- Figure Supplementary S1. (a) OCT B-scan, and (b) its corresponding histological image of a BCC from a 62 year old female. In both OCT and histology images of BCC, the central portion of the epidermis is ulcerated and covered with a crust (green arrow). On either side of the ulceration, there are tumor nodules (red arrows). On the histology images, there are artefactual fractures within the tumor masses that occurred during tissue processing so they are not present in the OCT images. Figure Supplementary S2. (a) OCT B-scan, and (b) its corresponding histological image of an SCC from a 51 year old female. Keratinous pearls within SCC are shown with yellow arrows in both OCT and corresponding histology image. There is a proliferation of keratinocytes in the epidermis pushing into the dermis (red arrow). Keratinocytes in the epidermis show atypia (purple arrow) with large nuclei. The green arrow in the histology image, labels a tear in the tissue that we do not see on the OCT image since it is an artefact of tissue processing. On OCT image, the infiltration of tumor cells into the dermis leads to a loss of the dark line representing the dermo-epidermal junction. Figure Supplementary S3 . Examples of the skin layer detection algorithm applied to OCT images. Application of our DEJ detection method on OCT images of (a) prearicular (thin skin) and (b) palm (thick skin). The red color is the dermal-epidermal junction obtained from our DEJ detection algorithm. 
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